Transferring versatile skills of human behavior to teleoperate manipulators to execute tasks with large uncertainties is challenging in robotics. This paper proposes a hybrid mapping method with position and stiffness for manipulator teleoperation through the exoskeleton device combining with the surface electromyography (sEMG) sensors. Firstly, according to the redefinition of robot workspace, the fixed scale mapping in free space and virtual impedance mapping in fine space are presented for position teleoperation. Secondly, the stiffness at the human arm endpoint is predicted and classified into three levels based on the K nearest neighbor (KNN) and XGBoost, and the stiffness mapping method is utilized to regulate the stiffness behavior of manipulator. Finally, the proposed method is demonstrated in three complementary experiments, namely the trajectory tracking in free space, the obstacle avoidance in fine space and the human robot interaction in contact space, which illustrate the effectiveness of the method.
Introduction
Over the past decades, the bilateral teleoperation systems based on feedback sensory data have been widely used in various applications such as space robots [1, 2] , underwater robots [3] , medical robots [4] , emergency response robots [5] , and etc. In these systems, an operator uses a human robot interface (master) at the local site to control a robot (slave) in the remote environment to execute a task. The execution of remote task is usually assisted by feeding back the position and/or the interaction force of the slave robot, and the information of the remote environment. Although the bilateral teleoperation outperforms the traditional unilateral teleoperation, the time delay between master and slave could cause serious issues related to the system stability and reduced transparency [6] , which prevent the applications of bilateral teleoperation [7] . As the bilateral teleoperation only uses the position/velocity command, the robot cannot be easily teleoperated to conduct tasks which are normally performed by humans without difficulty such as drilling, reaming, chipping and others with large uncertainty in the environment constraints.
The humans have the ability to actively adjust the impedance at their arms endpoint [8] to demonstrate a versatile and stable behavior when they perform tasks or interact with environments with large dynamic uncertainties. Electromyography (EMG) signals which describe how well the muscles respond to those signals activated by central nervous system (CNS), are considered as the best candidates to provide an insight into the overall biomechanical behavior of human arms, and have been the choice of input in many rehabilitative and human robot functionality coordinations [9, 10] . It has been studied that the surface electromyography (sEMG) signals are highly correlated with human arm joint stiffness and the corresponding muscle tensions [11] .
The impedance control is important for manipulator to generate compliant behavior in performing contact tasks with dynamic uncertainties [12] . Since motion trajectory transfer in traditional teleoperation systems could not generate the desired stiffness, it is difficult to enable a robot manipulator to operate in a variable compliant manner to handle the variation of tasks and environmental uncertainties [13] . However, the manipulator could have a better performance by learning human impedance featured skills, such as calligraphic writing [14] , welding [15] , and switching [16] .
Transferring the impedance regulation of human arm endpoint to control the impedance of remote manipulators to execute tasks with large uncertainties is challenging and has been studied in recent years. Ajoudani [17] presented the concept of tele-impedance for teleoperating a KUKA manipulator stiffness based on arm stiffness estimation from the sEMG electrodes, and a ball catching experiment showed the effectiveness of the method. Yang [18, 19] designed an interface of a physical human robot interaction system for human impedance adaptive skill transfer, in which the limb impedance could be extracted and transferred to robots by processing the sEMG signals. Laghi [20] presented a framework of tele-impedance with force feedback under communication time delay, which could have a seamless control scheme that subsumes the performance advantages of both stability and transparency. This paper is organized as follows. The background and related research are introduced in Section 1. In Section 2, the system overview of the hybrid mapping method for manipulator teleoperation is proposed. In Section 3, the motion mapping method for position teleoperation which includes the fixed scale mapping in free space and virtual impedance mapping in fine space is given. The stiffness mapping for compliant teleoperation is presented in Section 4. The performance evaluation for position teleoperation and impedance teleoperation is given in Section 5. Lastly, the conclusion and future works are discussed.
System Overview
The schematic diagram of the hybrid mapping method with position and stiffness for manipulator teleoperation mainly consists of the master side and the slave side, which communicates with each other bidirectionally in real time, shown in Figure 1 . The command data is transmitted by the Transmission Control Protocol (TCP) to guarantee the reliability of data transmission, and the feedback data is transmitted by the User Datagram Protocol (UDP) to obtain the low latency. With the vision and position/force feedback from the slave side, the operator utilizes the Haptic Workstation and sEMG electrodes at the master side to measure the position and stiffness at the human arm endpoint, and the hybrid mapping method with position and stiffness mapping is used to generate the position and stiffness commands of the slave robot, respectively.
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With the motion of robot during a specific teleoperation task, the minimum distance D min between the robot (R) and the environment (E), the target (T), and the obstacles (O) is changing over the time, which can be defined by Equation (1):
According to the minimum distance D min , the workspace of robot WS can be redefined into free space for fast motion, fine space for slow motion and contact space for compliant motion, shown in Figure 2 . The redefined workspace WS can be expressed by Equation (2):
where, D 1 and D 2 represent the predefined constant distance thresholds, and D 2 is usually close to zero. Based on this redefined workspace of robot WS, different mapping methods are proposed in this paper to teleoperate the slave manipulator, and these methods are switched according to the real workspace of robot. 
Fixed Scale Mapping in Free Space
In the free space, the slave manipulator should be controlled to track the position at the human arm endpoint quickly and exactly. While there is no contact force in free space, the CyberForce without force feedback is used to track the motion of human arm. Considering the different configuration between human arm and slave manipulator, the appropriate mapping method should be implemented to maintain the tracking performance. For simplicity, the most frequently used fixed scale mapping method is utilized for position teleoperation in free space in this paper, as shown in Equation ( 
Virtual Impedance Mapping in Fine Space
When the operator teleoperates the slave manipulator in fine space, he should guarantee the safety of whole system. That is to say, the slave manipulator should be controlled to avoid the collisions between the manipulator and the environment, the manipulated target, or the obstacles. In this case, since there is a possibility of collision, the CyberForce with force feedback is utilized in fine space to maintain the safety. To meet this requirement, the virtual impedance mapping method is proposed in this paper to obtain the safe motion in the fine space.
If there is an obstacle which can be detected by the stereo vision or prior knowledge in the remote environment, a corresponding virtual obstacle expressed with a bounding sphere can be established at the master side by the inverse process of Equation (3), shown in Figure 3 . Moreover, a safe boundary sphere is used to enlarge the virtual obstacle to improve the system safety. 
Fixed Scale Mapping in Free Space
In the free space, the slave manipulator should be controlled to track the position at the human arm endpoint quickly and exactly. While there is no contact force in free space, the CyberForce without force feedback is used to track the motion of human arm. Considering the different configuration between human arm and slave manipulator, the appropriate mapping method should be implemented to maintain the tracking performance. For simplicity, the most frequently used fixed scale mapping method is utilized for position teleoperation in free space in this paper, as shown in Equation (3):
where X s is the Cartesian position vector of the slave manipulator, X m is the position vector at the operator arm endpoint obtained by CyberForce, K m is the fixed scale matrix, and X 0 is the position offset vector. The detail calculation of K m and X 0 can be found in [24] .
Virtual Impedance Mapping in Fine Space
If there is an obstacle which can be detected by the stereo vision or prior knowledge in the remote environment, a corresponding virtual obstacle expressed with a bounding sphere can be established at the master side by the inverse process of Equation (3), shown in Figure 3 . Moreover, a safe boundary sphere is used to enlarge the virtual obstacle to improve the system safety.
The Euclidean distance d between the input position P and the virtual contact boundary P Sb (Figure 4 ) at the master side is defined in Equation (4):
To improve the motion safety in fine space, the Cartesian impedance controller is utilized for the master, which can be expressed as Equation (5):
where M d , B d , K d are the desired inertia, viscosity and stiffness matrices of the virtual impedance controller for the master, F d is the desired Cartesian force, ξ is the correction term for virtual impedance controller and k is the force scale factor.
If there is an obstacle which can be detected by the stereo vision or prior knowledge in the remote environment, a corresponding virtual obstacle expressed with a bounding sphere can be established at the master side by the inverse process of Equation (3), shown in Figure 3 . Moreover, a safe boundary sphere is used to enlarge the virtual obstacle to improve the system safety. The Euclidean distance d between the input position P and the virtual contact boundary Sb P (Figure 4 ) at the master side is defined in Equation (4): To improve the motion safety in fine space, the Cartesian impedance controller is utilized for the master, which can be expressed as Equation (5):
K are the desired inertia, viscosity and stiffness matrices of the virtual impedance controller for the master, d F is the desired Cartesian force, ξ is the correction term for virtual impedance controller and k is the force scale factor. Therefore, the virtual impedance mapping for robot position teleoperation in fine space can be expressed as:
The switch between the fixed scale mapping method and the virtual impedance mapping method can be achieved automatically according to the real workspace of robot. The switch is stable because the trajectories of manipulator with different mapping methods are continuous when the minimum distance of robot is around 1 D . The derivation is as follows.
When the minimum distance of robot min D equals to 1 D , we can obtain =0 d according to
Equation (4). Therefore, Equation (5) can be rewritten as:
Then, we can calculate = ξ 0 . After substituting this into Equation (7), we can obtain: The expression of Equation (9) is the same as Equation (3) when the minimum distance of Therefore, the virtual impedance mapping for robot position teleoperation in fine space can be expressed as:
The switch between the fixed scale mapping method and the virtual impedance mapping method can be achieved automatically according to the real workspace of robot. The switch is stable because the trajectories of manipulator with different mapping methods are continuous when the minimum distance of robot is around D 1 . The derivation is as follows.
When the minimum distance of robot D min equals to D 1 , we can obtain d= 0 according to Equation (4). Therefore, Equation (5) can be rewritten as:
Then, we can calculate ξ = 0. After substituting this into Equation (7), we can obtain:
where X m_D 1 and X s_D 1 represent the Cartesian position vector of the master and slave manipulator when the minimum distance of robot D min equals to D 1 .
The expression of Equation (9) is the same as Equation (3) when the minimum distance of robot D min equals to D 1 , which shows that the trajectories of manipulator are continuous and the switch between the fixed scale mapping method and the virtual impedance mapping method is stable.
Stiffness Mapping Method for Compliant Teleoperation
When the minimum distance of robot D min is around D 2 , the velocity of the manipulator is around zero according to Equation (7) with the virtual impedance mapping method. In this situation, the operator switches to the stiffness mapping method manually through the software interface for contact tasks to achieve variable stiffness behavior of manipulator. In order to maintain the stable switch, the value of ξ should be recorded and used for motion mapping during the contact tasks.
Stiffness Model at the Human Arm Endpoint
In order to predict the stiffness at the human arm endpoint, starting with the muscle control of a single human arm joint, the motion control biomechanical model of a single joint is established. Then, the model of force and stiffness in Cartesian space is calculated. Generally, the motion of human joint is controlled by at least two muscles, which are called the extensor and the flexor. The extensor is activated to stretch the joint while the flexor is activated for flexion, as shown in Figure 5 .
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Stiffness Identification Algorithm at the Human Arm Endpoint
The force fluctuations and impedance adjustments at the human arm endpoint can be regarded as internal force regulations exerted by group of extensor and flexor muscles. Based on the high correlation between sEMG signals and generated muscle tension, there is an approximate linear relationship between the force/stiffness and the sEMG signals of the human arm, which can be described as follows:
where F end and K end are the force vector and the stiffness vector at the human arm endpoint, P se is the processed sEMG signals, T F and T K are the mapping matrices from the sEMG signals P se to the force vector F end and the stiffness vector K end , and K 0 is the stiffness offset at the human arm endpoint. The force mapping matrix T F can be obtained by the regression analysis model. However, the stiffness mapping matrix T K is difficult to identify accurately. Relevant research [8] shows that the force F end and the stiffness K end at the human arm endpoint are decoupled if the motion and force at the human arm endpoint change little. That is to say, the muscular activities can be decomposed and mapped into two subspaces. The first mapping subspace corresponds to the force fluctuations and the second will be defined as the kernel of the former which correlates of stiffness regulations without causing any effect on generated joint/endpoint forces. Therefore, the sEMG signals P se can be decomposed into the force mapping subspace P F and the force mapping null space P K .
Then we can obtain:
In order to obtain the relationship between P K and P se , we define N + F as the kernel of the force mapping matrix T F .
Then P K can be expressed as:
The stiffness at the human arm endpoint can be rewritten as follows:
where ψ is the mapping matrix from the force mapping null space P K to the stiffness at the human arm endpoint P end .
Stiffness Identification System at the Human Arm Endpoint
The stiffness identification experimental system at the human arm endpoint consists of three modules: the KUKA iiwa robot module (KUKA, Germany), the JR3 six-axis force sensor module (JR3 Inc., Canada) and the TrignoTM Wireless sEMG system module (Delsys Inc., USA), as shown in Figure 6 . The robot module measures the displacement at the human arm endpoint caused by the random disturbance. The six-axis force sensor JR3 is used to detect the force applied by the operator hand. The sEMG electrodes on the operator arm detect the muscle electrical signals of human arm while the operator demonstrates different behaviors with different stiffness. In the experiment for stiffness identification, the operator holds the interface handle mounted at the end of Kuka iiwa, and applies appropriate force to cause the robot to move within a small scope. With the measured displacement, force and sEMG signals, the stiffness mapping matrix at the human arm endpoint can be identified.
Appl. Sci. 2019, 9, stiffness identification, the operator holds the interface handle mounted at the end of Kuka iiwa, and applies appropriate force to cause the robot to move within a small scope. With the measured displacement, force and sEMG signals, the stiffness mapping matrix at the human arm endpoint can be identified. 
Feature Extraction of sEMG Signals
The feature extraction of sEMG signals is an important item in the stiffness identification of human arm. In this paper, the following seven features of sEMG signals are extracted. The i
x is the i th channel value of sEMG signals, N is the window length of time domain, SVD represents the singular value decomposition, and WPT represents the wavelet packet transform.
(1) Modified absolute mean type1 (MAV1). 
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The feature extraction of sEMG signals is an important item in the stiffness identification of human arm. In this paper, the following seven features of sEMG signals are extracted. The x i is the ith channel value of sEMG signals, N is the window length of time domain, SVD represents the singular value decomposition, and WPT represents the wavelet packet transform.
(1) Modified absolute mean type1 (MAV1).
(2) Zero crossing point (ZC).
Stiffness Classification at the Human Arm Endpoint
For teleoperating the stiffness of the slave robot to execute most tasks, it is not necessary to adjust the end stiffness continuously and accurately. For the offline samples, the pattern classification with K-means++ clustering is firstly used to cluster the continuous stiffness into three types. For the online applications, the K nearest neighbor (KNN) and XGBoost (eXtreme Gradient Boosting) are utilized to classify the stiffness at the human arm endpoint.
(1) Stiffness Clustering for Offline Samples Because it is not necessary to adjust the stiffness at the robot endpoint continuously and accurately in most tasks, according to the features of sEMG signals, the pattern classification method with K-means++ clustering is utilized to classify the stiffness K x , K y , K z for offline samples at the human arm endpoint into three categories (low, middle and high). The stiffness cluster center at the human arm endpoint with K-means++ is shown in Table 1 . (2) Stiffness Classification for Online Applications According to the stiffness clustering, the K nearest neighbor (KNN) and XGBoost (eXtreme Gradient Boosting) are utilized for online applications to classify the real-time stiffness at the human arm endpoint. The features of sEMG signals are the input, and the classification results of stiffness at the human arm endpoint based on k-means++ cluster are used as output.
(a) KNN KNN is a simple and widely used classification method. If most of the k neighbor samples in the feature space belong to a certain category, the sample also belongs to this category and has the characteristics of the samples in this category. Obviously, the parameter k is important for the classification effect of the model, and it is general set to less than 30. According to the actual prediction accuracy, the k for K x , K y and K z classifiers are set to 26, 18 and 22, respectively. The accuracy of stiffness classification with KNN is shown as Figure 7 , and the confusion matrix of stiffness classification based on MAV1 is shown as Figure 8 .
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Stiffness Mapping in Contact Space
According to the stiffness classification from the sEMG signals, the classified stiffness at the human arm endpoint can be obtained in real time, which can be mapped to naturally control the stiffness of the slave robot in contact space.
The overall block diagram of stiffness mapping for teleoperation is shown in Figure 11 . In contact space, the CyberForce without force feedback and TrignoTM Wireless system are utilized simultaneously to teleoperate the slave manipulator. The feedback force is not applied to the human arm because it influents the stiffness of human arm. The Cartesian impedance controller in which the stiffness parameters can be adjusted is designed in the slave robot to execute the compliant tasks. The reference position P end of the impedance controller is provided by the human arm motion measured by CyberForce. Besides, the classified stiffness at the human arm endpoint end K can be used as the reference stiffness of the Cartesian impedance controller to regulate the compliant behaviors of the slave robot. Figure 11 . The overall block diagram of stiffness mapping for teleoperation.
Results
According to different workspace of robot, three different teleoperation experiments are specially designed to evaluate the effectiveness of the proposed method. In free space, the trajectory tracking experiment is utilized to evaluate the fixed mapping method. In fine space, the experiment In Figure 9 , Compared with the KNN algorithm, the accuracy of stiffness classification with XGBoost is improved. The classification accuracy is over 75% when the MAV1 is selected as the feature of sEMG signals. According to the confusion matrix of stiffness in Figure 10 , the classification effect at the human arm endpoint for low stiffness and high stiffness is better than that of middle stiffness, which is similar to the results of KNN method.
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According to different workspace of robot, three different teleoperation experiments are specially designed to evaluate the effectiveness of the proposed method. In free space, the trajectory tracking experiment is utilized to evaluate the fixed mapping method. In fine space, the experiment of approaching & grasping a drill with obstacle avoidance is accomplished to verify the virtual impedance mapping. In contact space, the experiments of human robot interaction with low and high stiffness are designed to validate to stiffness mapping method.
Performance Evaluation for Position Teleoperation in Free Space
The trajectory tracking experiment in free space is designed to evaluate the effectiveness of the fixed scale mapping method for position teleoperation. For all seven joints, the desired angle and actual angle for each joint are almost coincident, which shows that the slave manipulator tracks the master well with the fixed scale mapping, shown in Figure 12 .
of approaching & grasping a drill with obstacle avoidance is accomplished to verify the virtual impedance mapping. In contact space, the experiments of human robot interaction with low and high stiffness are designed to validate to stiffness mapping method.
The trajectory tracking experiment in free space is designed to evaluate the effectiveness of the fixed scale mapping method for position teleoperation. For all seven joints, the desired angle and actual angle for each joint are almost coincident, which shows that the slave manipulator tracks the master well with the fixed scale mapping, shown in Figure 12 . 
Performance Evaluation for Position Teleoperation in Fine Space
In order to verify the virtual impedance mapping in fine space, the experiment of approaching & grasping a drill with obstacle avoidance is accomplished, shown in Figure 13 . The actual robot system can obtain the obstacle information from the prior knowledge or vision of the head. To guarantee the consistency between the master and slave, a corresponding virtual obstacle is established at the master side and is utilized to implement the virtual impedance mapping. The Cartesian trajectory of manipulator is shown in Figure 14 . It can be seen that the manipulator moves from the start area, avoids an obstacle in the obstacle area, and stops at the end area. In the obstacle area, since the manipulator needs to avoid the obstacle, the Cartesian trajectory of manipulator forms a convex shape. In the start and end areas, the Cartesian trajectory of manipulator is not smooth because the operator attempts to adjust the appropriate orientation at the human arm endpoint with CyberForce. It is a user related phenomenon because different operator has different ability to align the orientation. Figure 15 shows the joint trajectory of manipulator during the actual grasping process with virtual impedance mapping. 
Performance Evaluation for Compliant Teleoperation in Contact Space
In order to validate the effectiveness of stiffness mapping method for compliant teleoperation, the human robot interaction experiments with low and high stiffness are designed. In the low stiffness experiment, the operator A uses the palm open gesture to generate low stiffness at his arm endpoint to teleoperate the low stiffness of slave manipulator, and the operator B pushes the 
In order to validate the effectiveness of stiffness mapping method for compliant teleoperation, the human robot interaction experiments with low and high stiffness are designed. In the low stiffness experiment, the operator A uses the palm open gesture to generate low stiffness at his arm endpoint to teleoperate the low stiffness of slave manipulator, and the operator B pushes the manipulator with small force by his fingertip, shown in Figure 16a . Similarly, in the high stiffness experiment, the operator A uses the palm close gesture to generate high stiffness at his arm endpoint to teleoperate the high stiffness of slave manipulator, and the operator B should exert large force through his palm to push the manipulator, shown in Figure 16b .
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Conclusions

Humans have the ability to actively regulate their arm position and impedance to obtain a versatile and stable behavior while interacting with dynamic uncertain environments, and transferring the versatile skills of human behavior to teleoperate manipulators is a major concern in robotics. This paper proposes a hybrid mapping method with position and stiffness for manipulator teleoperation through the exoskeleton master of CyberForce and sEMG sensors. Firstly, the robot workspace is redefined into the free space, fine space and contact space. Then, the fixed scale mapping in free space and virtual impedance mapping in fine space are proposed for position teleoperation. Moreover, the stiffness at the human arm endpoint is predicted by sEMG signals, and the stiffness mapping method is utilized to adjust the stiffness of the slave manipulator. Finally, three typical experiments of trajectory tracking in free space, obstacle avoidance in fine space and human robot interaction in contact space are accomplished, and the experimental results show the effectiveness of the proposed method. 
